Background/Aims: Pediatric sepsis is a disease that threatens life of children. The incidence of pediatric sepsis is higher in developing countries due to various reasons, such as insufficient immunization and nutrition, water and air pollution, etc. Exploring the potential genes via different methods is of significance for the prevention and treatment of pediatric sepsis. This study aimed to identify potential genes associated with pediatric sepsis utilizing analysis of gene network and entropy. Methods: The mRNA expression in the blood samples collected from 20 septic children and 30 healthy controls was quantified by using Affymetrix HG-U133A microarray. Two condition-specific protein-protein interaction networks (PINs), one for the healthy control and the other one for the children with sepsis, were deduced by combining the fundamental human PINs with gene expression profiles in the two phenotypes. Subsequently, distinct modules from the two conditional networks were extracted by adopting a maximal clique-merging approach. Delta entropy (ΔS) was calculated between sepsis and control modules. Results: Then, key genes displaying changes in gene composition were identified by matching the control and sepsis modules. Two objective modules were obtained, in which ribosomal protein RPL4 and RPL9 as well as TOP2A were probably considered as the key genes differentiating sepsis from healthy controls. Conclusion: According to previous reports and this work, TOP2A is the potential gene therapy target for pediatric sepsis. The relationship between pediatric sepsis and RPL4 and RPL9 needs further investigation.
Introduction
Pediatric sepsis is still one of the major life-threatening diseases in children worldwide [1, 2] . The incidence of pediatric sepsis is higher in developing country where pathogens readily invade children because of low birth weight, water and air pollution as well as insufficient immunization and nutrition [3, 4] . Pediatric sepsis is a spectrum of disorders that mainly infected by bacteria, viruses, fungi, parasites or the toxic byproducts of these microorganisms [5, 6] . Recently, many epidemiologic data reveal that a majority of severe sepsis attacks children without any predisposing condition [7] . Although the diagnosis and management of sepsis in infants and children is mostly influenced by studies done in adults, many important considerations relevant to pediatrics need regard [8] . For the management of pediatric sepsis, intensive attention should be diverted to the age and immune capacity, site, severity and source of infection [6, 8] . Exploring potential genes via different methods is essential for the prevention and treatment of pediatric sepsis.
Genes that differentially expressed between the sepsis and control groups have been mainly identified by computational methods [9] . The bioinformatics analysis method has been widely employed to identify potential pathogenic genes [9] . The expression profiles of potential pathogenic genes are probably similar to or negative with those of known pathogenic genes, which are integral part of disease molecular networks or have disease associations in previous literatures [10] . Cancer genes generally participate in core mechanisms, such as DNA damage repair and cell cycle. Therefore, identification of core modules including pathways and complexes dysregulated in cancer is important to explore novel pathogenic genes [10] . Multi-omics data have been integrated to identify the potential gene therapy target [11] . Somatic mutations and gene expression are correlated with to identify novel genes in glioblastoma multiforma. Gene expression, DNA methylation and microRNA expression data of ovarian cancer samples have been combined and analyzed to identify disrupted pathways [11] . Protein-protein interaction networks (PINs) are important class of biological networks, which are obtained from high-throughput interaction screens as well as literature citation [12] . PINs have been constructed by taking individual proteins as nodes and pair-wise interactions between them as edges [12] . In addition, an interaction enrichment analysis has been used to identify pairs of genes whose relationship differed between the normal and diseased samples [13] . Then, interaction profiles have been categorized as cooperative (expression correlated), competitive (expressions anti-correlated), redundant (suppression of both causes dysfunction) and dependent (expression of one is dependent on the other) [13] . Although existing PINs are largely incomplete, they also could represent crude models of protein interaction [12, 14] . Furthermore, integrating PINs with gene expression data is a novel approach to identify candidate gene modules, which are novel diagnostic or prognostic markers or even drive disease progression [13] . Several obvious virtues of the integrative PIN-mRNA expression approach are that (1) it resolves some of the inherent problems involved with analyzing gene expression data separately, such as poor signal to noise ratios and the nodes of explaining gene expression features, (2) integrative PIN-mRNA expression studies have indeed helped tease out relevant patterns of expression variation in the contextual framework of signaling pathways and protein complexes, (3) combination of PINs and expression correlation networks could distinguish direct and indirect correlations, further remove the (long-distance) indirect correlation between genes [14] . PINs have been applied to explore the disease associated genes and pathways in many literature [15] . Disrupted pathways in glioblastoma multiforma have been identified by tracking back paths through the human PINs from differentially expressed gene (target). To discover potential drug targets genes, PINs and gene expression data have been combined to construct a cancer-perturbed PIN in cervical carcinoma. PINs and gene expression data have been combined to construct tissue-specific PINs for 60 tissues and used them to prioritize disease genes. Recently, identification of specific subnetworks that may be causally involved with disease progression has attracted increasingly attention. A comprehensive analysis of cancer networks have been performed by first selecting genes differentially expressed between cancer and normal tissue (the seeds), and then constructing the network as the nearest-neighbor PIN expansion of these seeds. Therefore, statistical properties of networks underlying the cancer phenotype have been explorated to some degree as mentioned above.
Microarray data and genome-wide expression profiling also have been increasingly applied to identify novel pathways and therapeutic gene targets, sepsis-related biomarkers [6, [15] [16] [17] . A microarray-based study in children with septic shock demonstrated that development age is a major contributor to sepsis heterogeneity. Chemokine (C-C) motif ligand 4 (CCL4) and interleukin-8 (IL-8) have been identified as outcome biomarker in children with septic shock via analyzing microarray data [18, 19] . Septic shock subclasses in children have been identified according to analysis of genome-wide expression profiling [20] . Microarray-based studies in children with septic shock have reported high levels of zinc transporter gene SLC39A8 (also known as ZIP8) expression in non-survivors, relative to survivors. Metalloproteinase (MMP)-8 has consistently been the highest expressed gene in children with septic shock relative to normal controls [19, 21] .
Indeed, approaches based on single-gene differential expression analysis are too simplistic, which have been gradually superseded by network-based methods [10] . Thus, further understanding the statistical properties of the underlying pediatric sepsis networks is critical for better identifying signaling pathways or functional modules involved in disease progression [6] . In this work, network properties that vary significantly between pediatric infected sepsis and normal children were identified by integrating PIN-mRNA expression networks. Particularly, disruptions in the integrated PIN-mRNA expression networks and the randomness of the local correlation patterns were analyzed due to the hypothesis that the frequency of genomic alteration was generally associated with a poor prognosis phenotype [6] . Thus, local and global entropy measure that quantified such randomness was introduced. The results showed that (1) it better characterized the pediatric infected sepsis than other metrics which did not quantify randomness, and (2) the entropy measure helped to unearth potential genes and functional modules associated with the progression of pediatric sepsis.
Materials and Methods

Study subjects
In this study, all participants were divided into the control group and pediatric infected sepsis group. Thirty healthy children were assigned in the control group, and a total of 20 children infected with sepsis were allocated into the infected sepsis group. All participants were aged < 14 years old in this investigation.
Ethics statement
The procedures of this study were approved by the institutional review board of our hospital. Written informed consents were obtained from all patients and their official guardians.
Extraction of total RNA
Blood samples were obtained from 20 sepsis infected children and 30 healthy controls. Total RNA was isolated from the whole blood. Initially, the RNA solution was carefully removed using an automatic pipette without disturbing the cell pellet. The cell pellet was washed three times with 7.0 mL of cold PBS. During the third washing step, the suspension was sonicated with three pulses of 30 s at 7 W with 1 min interval on ice (Branson Ultrasonics Co., CT, USA). After the washing-sonication procedure the cell suspension was centrifuged at 5 500×g at 4°C for 10 min and the pellets were subjected to RNA extraction according to published protocols. Briefly, the pellets were re-suspended in 0.75 ml RNAse-free NAES buffer (50 mM sodium acetate buffer, 10 mM EDTA and 1% SDS, w/v, pH 5.0) and vortexed for 1 min. The same volume of acid phenol:chloroform (5:1, pH 4.5; Ambion, Inc., Austin, TX, USA) was added to the suspension, then vortexed and transferred to 2.0-ml screw-cap microcentrifuge tubes containing 0.8 g of glass beads (0.5-mm diameter; Biospec Products, Bartlesville, OK, USA). The cells were lysed in a Mini-Bead Beater homogenizer (Bio-spec Products) at 4°C for a total of 120 s (beat three times for 40 s with 1 min interval). The homogenized suspension was centrifuged at 10,000×g for 5 min at 4°C, and the aqueous phase was collected and transferred to a microcentrifuge tube to which was added 0.75 ml of acid phenol:chloroform (5:1, pH 4.5). The tube was vortexed briefly, and centrifuged at 13,000 ×g for 5 min at 4°C. The aqueous phase was collected and extracted with a 1:1 solution of chloroform:isoamylalcohol (24:1; Ambion, Inc.) 
Establishment of human PPI network via STRING
The human PINs were downloaded from Search Tool for the Retrieval of Interacting Genes (STRING) database, which was transformed into a standard workable format [22] . To remove redundant interactions, UniProt Knowledgebase (UniProtKB) accession numbers were used as unique protein identifiers. Proteins with names that could not be mapped to UniProtKB accession numbers were discarded [23, 24] . The combined score of each pair-wise interaction was not less than 0.8, and PINs containing 8590 nodes with 53975 documented interactions were obtained.
Gene expression data sets between sepsis infected children and healthy controls
The mRNA expression was detected by using an Affymetrix HG-U133A microarray. The data were preprocessed and normalized, including background correction via robust multiple-array average, quantile normalization, correcting the perfect match (PM)/mismatch (MM) via MAS 5.0 algorithm, log expression was estimated by an iterative median polishing procedure [25] . Finally, the expression profile containing 13436 genes was obtained. Integrated PIN-mRNA expression networks were constructed from the STRING PIN and the mRNA expression data. The proteins corresponding to gene expression profiles were extracted from the PINs. Thus, the new PINs containing 6132 genes (6132 nodes) with 35184 pair-wise interactions were obtained.
Inferring the PINs between sepsis infected children and healthy controls
Two condition-specific PINs, one for the control group and the other one for sepsis infected group, were constructed based on the human PINs incorporating with gene expression profiles in the two phenotypes [26] . To investigate the differences in network properties between sepsis infected and control groups, correlation expression networks were constructed by separately computing gene pair-wise Pearson correlation across two groups. The Pearson correlation of each pair-wise interaction in two PINs was calculated. The absolution of Pearson correlation of each pair-wise interaction under the normal condition is considered as the combined-score of each edge. Thus, the two conditional PINs with combined-score were inferred by re-weighting the interaction in the generic PINs based on these distributions.
Identifying and pruning modules from the PINs
The integrated PIN-mRNA networks with the edge weights p ij for two phenotypes (sepsis infected and healthy control) were constructed as described previously. Briefly, edge weights in the PIN are defined by a stochastic matrix p ij , Where N (i) denotes the neighbors of gene i in the PIN, w ij =0.5*(1+C ij ) denotes the transformed Pearson correlation coefficient C ij of gene expression between genes i and j across the samples belonging to the given phenotype. Whenever (i, j) is not an edge in the PIN, the p ij value was denoted as 0. The procedure was applied to the two phenotypes, then two integrated PIN-mRNA networks (infected sepsis phenotype p ij(I) and normal phenotype p ij(N) ) were obtained. It is important to point out that the construction of our stochastic matrix means that the topological degrees of each node remain unchanged between the normal and infected sepsis phenotypes.
The module-identification algorithm used in this work is based on clique-merging, similar to the ones previously proposed for identifying complex from PINs. The algorithm works in two steps: finding all maximal clique from PINs and ranking them in descending order of their weighted interaction densities (WID); then, clique-merging approach was applied to construct modules.
The set C of all maximal cliques of size at least k in the PIN was identified via using a fast depthfirst search with pruning-based algorithm [27] . Subsequently, for every clique c∈C we calculate its weight interaction density (WID) d w (C) as, These cliques were ranked in the descending order of their d w (C) values. The ordered list was inspected repeatedly to merge highly overlapping cliques and to build modules. Specifically, for every clique c i in the list, we repeatedly try to find a clique c j (j>i) such that the overlap |c i ∩c j |/|c j | ≥ t 0 . t 0 is a predefined overlapthreshold. If such a c j is found, the weight inter-connectivity I w between the non-overlapping protein of c i and c j were calculated.
If I w (c i , c j ) ≥ t m , a predefined merge-threshold, then c j is merged into c i forming a module, else c j is discarded.
Comparing modules between infected sepsis and control groups R and T were defined as the sets of modules identified from the networks H C and H I , respectively. For each R i ∈ R, T j ∈T, their module correlation density d cc (R i ) and d cc (T j ) was calculated respectively as previous literature [26] . A similarity graph M = (V M , E M ) were built, where V M ={R∪T}, and
the Jaccard similarity and Δ cc (R i ,T j )=|d cc (R i )-d cc (T j )| is the differential correlation density between R i and T j , t J and δ are thresholds [26]. Every edge (R i , T j ) is weighted by J(R i , T j ).
Then, the disrupted module pairs Γ(R,T) were identified by finding the maximum weight matching in M [26] . Finally, they were ranked in descending order of their differential density Δ cc .
To identify altered modules, thresholds of t J was set high, which ensured that the module pairs either had the same gene composition or lost or gained several genes (e.g. if | R i |=8, |T j |=9, then t J =2/3 required at least an overlap of 7). Among these, the module pairs with higher differential correlation were ranked higher.
The global entropy of each module
Entropy, which quantified the amount of randomness/disorder in the local flux distribution surrounding any given node i, was measured [14, 28] . The objective modules consisted of the common genes existed between control module and infected sepsis module. S i denotes the local entropy of the node i, Where k i represents the degree of node i. Local entropy of each node in the two modules was calculated. Furthermore, the global entropy (S I and S C ) between two modules and ΔS (ΔS = S I -S C ) were obtained. The globe entropy S was calculated according to the following equation:
Where n represents the number of nodes, C i (C i =k i /(n-1)) represents the degree centrality of node i. Thus, the global entropies of infected sepsis and normal samples (S I and S C ) were calculated, and ΔS (ΔS = S I -S C ) were obtained.
Results and Discussion
Analyzing disruptions of PINs and modules in pediatric sepsis
The control H C and infected sepsis H I networks displayed an equal quantity of pair-wise interactions, 18710 pair-wise interactions (also named as maximal cliques) with average scores (weight interaction density) of 0.150 and 0.139, respectively. Among these pair-wise interactions, both H C and H I networks had 5432 maximal cliques when the number of nodes limited in the range 4≤n≤20. After merging highly overlapping cliques, infected sepsis group and control group obtained 25 and 9 modules, respectively. As illustrated in Table 1, 25 modules and corresponding genes in the infected sepsis group were revealed and 9 modules and corresponding genes in the control group were illustrated in Table 2 .
Next, a comparative analysis of normal R and infected sepsis T modules was performed to understand disruption at the module level. Twenty seven HD modules were obtained, of which the J score>0.25, Δ cc >0.01 and n≥4. The 27 HD modules and their J scores as well as Δ cc were listed in Table 3 . The local entropy of each node in normal and infected sepsis modules were calculated, and the global entropy of each normal and infected sepsis modules were obtained based on the local entropy of each node. Thus, the delta entropy (ΔS) and p values were calculated. Two new objective module were obtained with p < 0.05. One was the new objective module 3 which was reassembled by infected sepsis module 15 and control module 4, another was the new objective module 13 which was reassembled by infected sepsis module 3 and control module 1 reassemble (p < 0.05). The corresponding genes in the new objective module 3 and 13 with corresponding ΔS and p values were listed in the Table  4 . Figure 1 showed that the entropy and p values of the new objective modules 3 and 13 (p < 0.05). The new objective module 3 consisted of four genes EIF3E, EEF1B2, RSL24D1 and RPL35. As illustrated in Fig. 2 , the new objective module 3 consisted of 4 nodes and 6 edges. Infected module 15 comprised 5 genes EIF3E, EEF1B2, RPL35, RSL24D1 and RPL9, and control Table 2 . Illustration of 9 modules obtained in control group and genes in each module Table 3 . Jaccard similarity (J score> 0.25) and differential correlation density (ΔCC) between the control and sepsis modules (The nodes are not less than 4) module 4 also consisted of 5 genes EIF3E, EEF1B2, RPL35, RSL24D1 and RPL4. The gene RPL4 in control module 4 was replaced by RPL9, which might explain why children who were readily infected sepsis. The J score = 0.667 was higher than 0.25, suggesting that the infected module 15 and control module 4 were similar. The new objective module 13 consisted of 6 genes CDC45, TTK, NCAPG, KIF11, NDC80 and DLGAP5. Figure 3 showed the new objective module 13 with 6 nodes and 15 edges. Infected module 3 comprised 13 genes TRIP13, CDC45, NCAPG, NDC80, CCNB1, KIF11, TTK, DLGAP5, OIP5, NUSAP1, CDCA3, RAD51AP1 and TOP2A, and control module 1 consisted of 9 genes POLE2, MCM4, CDC45, TTK, NCAPG, KIF11, NDC80, DLGAP5 and CCNA2. The J score = 0.375 was higher than 0.25, indicating that the infected module 3 resembled the control module 1 and that the modules pairs either had the same gene composition or have lost or gained only a few genes. The ΔS of the new objective modules 3 and 13 were 0.069 and 0.134. The p values of the new objective modules 3 and 13 were 0.004 and 0.027, both of which were less than 0.05.
Modules with changes in gene composition
Gene composition was changed in the two remaining modules. The genes of normal module 4 (EIF3E, EEF1B2, RPL35, RSL24D1 and RPL4) changed to (EIF3E, EEF1B2, RPL35, RSL24D1 and RPL9) in the infected sepsis with RPL4 replaced by RPL9, and the module correlation was increased by 0.024. RPL4 and RPL9 genes encoded ribosomal proteins which were components of the 60S subunit [29] . Ribosomes, the organelles that catalyze protein synthesis, consist of a small 40S subunit and a large 60S subunit [29] . RPL4 and RPL9 are related to infectious disease. Sepsis is the systemic response to infectious insult [7] . Despite physiologic changes that occur with maturation, the sepsis-induced failure of the mechanisms Table 4 . Genes and corresponding ΔS and p values in the new objective module 3 and 13 Fig. 3 . Analysis of the protein-protein interaction network for infected sepsis children. The network has 6 nodes and 15 edges with p = 0.027. that regulate muscle mass during critical illness have been studied only in adult and mature organisms [30] . To support the systemic inflammatory response, cells with sepsis syndrome mobilize the muscle protein to supply nitrogen [30, 31] . Experimental sepsis in mature rats reduces muscle protein synthesis (MPS) by depressing translation of mRNA into protein [30, 32] . The enhanced translational process in the neonatal period significantly declines along with the development of animals due to decreased activation of the translational machinery and reduction of the abundance of the signaling proteins that regulate translation [30] . As mentioned above, RPL4 and RPL9 are probably related to sepsis via regulating the synthesis of ribosomal proteins. However, the direct relationship between RPL4 and RPL9 and sepsis has not been reported, which remains to be further elucidated.
The gene DNA topoisomerase alpha (TOP2A) encodes a DNA topoisomerase, which is an enzyme that controls and alters the topologic states of DNA during transcription [33, 34] . This nuclear enzyme is involved in multiple processes including chromosome condensation, chromatid separation, and the relief of torsional stress that occurs during DNA transcription and replication [33] [34] [35] [36] [37] [38] [39] [40] [41] . Protein-protein interaction network of acute respiratory distress syndrome (ARDS) analysis in previous work revealed 20 hub genes including cyclin B1 (CCNB1), cyclin B2 (CCNB2) and TOP2A [42] . Genes including CCNB1, CCNB2 and TOP2A, as well as transcription factors like FOXM1 might be used for novel gene therapy targeting for sepsis-related ARDS [42] . Infected sepsis group contains TOP2A was observed in the infected sepsis group rather than the control group. Therefore, TOP2A is probably the key gene which differentiates the children infected with sepsis from healthy controls. This work further demonstrates that TOP2A is the potential gene therapy target for pediatric sepsis.
Conclusions
Two condition-specific PINs, one for the healthy controls and the other one for infected sepsis, were inferred by using the human PIN as a backbone and incorporating expression profiles of genes in the two conditions. Subsequently, distinct modules from two conditional networks were extracted by adopting a maximal clique-merging approach. Delta entropy (ΔS) was calculated between infected sepsis modules and control modules. Then, key genes displaying changes in gene composition were identified by matching control and infected pediatric sepsis modules. Potential roles of these genes in sepsis infected were evaluated according to various references. Therefore, the results showed that TOP2A was the potential gene therapy target for pediatric sepsis. The relationship between pediatric sepsis and RPL4 and RPL9 remains to be further elucidated. This is a preliminary investigation to initially assess the feasibility of establishing these modules for clinical differential diagnosis of sepsis children from healthy controls. The findings in current study have demonstrated these modules are tentatively applicable for the small sample size investigation (20 sepsis children and 30 healthy controls). To validate the clinical efficacy of these modules for differential diagnosis and treatment of pediatric sepsis, multi-center prospective clinical trials with a larger sample size are urgent to be implemented.
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